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Abstract
The increasing deployment of speech technologies in every-

day applications has raised significant concerns regarding the
protection of personal data and compliance with privacy regula-
tions such as the General Data Protection Regulation (GDPR).
Speech signals inherently encode a wide range of biometric and
personal attributes beyond linguistic content. These may in-
clude speaker identity, age, gender, health status, personality
traits, racial or ethnic origin, geographical background, social
identity, and socio-economic status [1]. As a result, protecting
privacy in speech data has become an active area of research in
the field of speech processing.

One promising approach to mitigate privacy leakage risks
is speech anonymization, which aims to transform speech sig-
nals in such a way that sensitive speaker information cannot be
inferred while preserving the linguistic information necessary
for downstream tasks. Research in this area has been stimulated
by community initiatives such as the Voice Privacy Challenge
[2], which provide benchmarks and evaluation frameworks for
privacy-preserving speech technologies.

However, anonymization inevitably introduces a fundamen-
tal trade-off between privacy and utility. While anonymization
techniques attempt to conceal sensitive attributes, speech sig-
nals encode multiple paralinguistic cues that may overlap with
both privacy-related and task-relevant information. For exam-
ple, emotional expression can simultaneously convey meaning-
ful communicative content while also revealing personal char-
acteristics [3]. Consequently, the acceptable balance between
privacy protection and information preservation depends on the
target application and on which speech attributes must remain
usable [4].

Reliable evaluation protocols are therefore essential to as-
sess both privacy protection and utility preservation. Previous
work has highlighted the risk of overestimating privacy guar-
antees when evaluation procedures are insufficiently robust [5].
This underlines the importance of ensuring that utility is also
evaluated with reliable and well-justified metrics. In the con-
text of speech anonymization, intelligibility is often consid-
ered a utility dimension. Most studies estimate intelligibility
through the Word Error Rate (WER) produced by automatic
speech recognition (ASR) systems, typically evaluated on the
test-clean and dev-clean subsets of the LibriSpeech corpus [6].

Although the WER is widely adopted due to its simplicity
and reproducibility, it presents several limitations when used as
a proxy for intelligibility in anonymized speech. First, the WER
was developed to evaluate transcription accuracy in speech-to-
text systems, whereas anonymization is primarily a speech-to-
speech transformation problem. Consequently, transcription er-
rors measured by WER do not necessarily correspond to intel-
ligibility degradation perceived by human listeners.

Second, qualitative observations on LibriSpeech evaluation
sets suggest that a substantial portion of transcription errors
arise from proper nouns, spelling variations, or formatting con-
ventions. For example, differences between British and Amer-
ican spellings (e.g., colour vs. color) or numeric forms (42 vs.
forty-two) may increase WER despite minimal impact on hu-
man comprehension. This raises the question of whether all
word-level errors should be treated as equally important for in-
telligibility evaluation.

Third, WER is inherently system-dependent. Its value de-
pends on the architecture, training data, and decoding strategies
of the ASR system used for evaluation. Different ASR systems,
such as Whisper [7] or ASR systems provided by toolkits like
SpeechBrain [8], may produce different transcription outputs,
which could influence WER-based evaluations. As a result, util-
ity estimates based on a single ASR model may not generalize
across systems.

These observations motivate several potential research di-
rections for more reliable intelligibility evaluation in speech
anonymization. One possibility is the use of a mixture of pre-
trained ASR models, leveraging diverse architectures and train-
ing corpora to reduce model-specific biases. Additionally, in-
corporating speech intelligibility prediction models commonly
used in audiology could provide a valuable complement to
ASR-based metrics. Another direction is the use of relative
WER, which measures performance degradation relative to the
original, non-anonymized speech. Such a metric could help iso-
late errors specifically introduced by the anonymization process
rather than those originating from the dataset or transcription
model.

Another aspect is the semantic bias of ASR models used
to compute WER. Modern systems rely not only on acous-
tic signals but also on language models trained on large text
corpora, which favor semantically plausible word sequences.
While this improves transcription accuracy for natural speech, it
may bias the evaluation of anonymized speech by “correcting”
acoustically ambiguous signals into meaningful sentences. This
raises the question of how ASR systems behave when process-
ing syntactically correct but semantically improbable sentences,
where semantic context cannot guide the prediction. Studying
such cases on anonymized speech could help disentangle errors
caused by acoustic degradation from those compensated by the
language model.

Additional complementary metrics may also provide useful
insights. For instance, Phoneme Error Rate (PER) could capture
pronunciation-level similarities even when orthographic varia-
tions differ, although it may be more sensitive to accent changes
introduced by anonymization. Moreover, the confidence scores
produced by ASR models could potentially serve as indicators
of recognition difficulty. Investigating whether such confidence



measures correlate with human-perceived intelligibility remains
an open question, particularly since previous studies suggest
that intelligibility and perceived speech quality correlate in orig-
inal speech but not necessarily in anonymized speech [9].

Finally, the reliance on the test-clean subset of LibriSpeech
for anonymization evaluation also presents potential limitations.
Previous work has shown that speaker identity may still be
partially inferred from the linguistic content alone within this
dataset [10]. This raises concerns about whether current bench-
marks fully isolate speaker identity from speech content, which
could bias privacy and utility evaluations. Moreover, current re-
search predominantly focuses on English anonymization using
clean, read-aloud speech, while multilingual, noisy, and conver-
sational speech settings remain largely underexplored.
Index Terms: speech anonymization, utility, intelligibility,
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